Car sharing is one of the key elements of a Mobility-on-Demand system, but it still suffers from several shortcomings, the most significant of which is the fleet unbalance during the day. What is typically observed in car sharing systems, in fact, is a vehicle shortage in so-called hot spots (i.e., areas with high demand) and vehicle accumulation in cold spots, due to the patterns in people flows during the day. In this work, we overview the main approaches to vehicle redistribution based on the type of vehicles the car sharing fleet is composed of, and we evaluate their performance using a realistic car sharing demand derived for a suburban area around Lyon, France. The main result of this paper is that stackable vehicles can achieve a relocation performance close to that of autonomous vehicles, significantly improving over the no-relocation approach and over traditional relocation with standard cars.
I. INTRODUCTION
Mobility-on-Demand systems are a new intermodal mobility concept, also declined as Mobility-as-a-service. The key idea is that people will not own their private car (and be stuck with it) anymore. Instead they will have a fully-fledged choice of transportation modes, seamlessly integrated with each other and with the smart city thanks to ICT, automation, and big data. When it comes to motorised modes for personal mobility, car sharing is a staple of MoD systems. Car sharing's positive effects have already been measured: car sharing members use cars less, rely more on public transport, and in some cases they even shed their private car (or refrain from buying a second one for their family) [1] . Car sharing can also act as a last-kilometre solution for connecting people with public transport hubs, hence becoming a feeder to traditional public transit [2] .
Initial car sharing policies offered limited flexibility to the customers, forcing them to bring the shared cars back to the starting point of their journey. This is the case of two-way car sharing. The recent growth in car sharing popularity and usage, though, has been the result of the availability of car sharing solutions more suitable to customers' needs in terms of flexibility. One-way car sharing, in fact, allows customers to pick up and drop off vehicles at any of the car sharing stations deployed in the city (for station-based systems like Autolib in Paris) or at any location with operator's service area (for free-floating systems like Car2go). Unfortunately, *This work was partially funded by the ESPRIT project. This project has received funding from the European Union's Horizon 2020 research and innovation programme under grant agreement No 653395. This work was also partially funded by the REPLICATE project. This project has received funding from the European Union's Horizon 2020 research and innovation programme under grant agreement No 691735.
1 Chiara Boldrini and Raffaele Bruno are with the IIT institute of the Italian National Research Council, Via G. Moruzzi 1, 56124 Pisa, Italy.
Email: first.last@iit.cnr.it this freedom is often paid in terms of vehicle availability. In fact, cars will follow the natural flows of people in a city, hence accumulating in commercial/business areas in the morning and in residential areas at night [3] . As a result, the availability of cars can become extremely unbalanced during the day, and certain areas of high demand (hot spots) may end up being underserved while areas with low demand (cold spots) may have several cars idly parked and that nobody wants to pick up.
Previous research has proposed several approaches to solve the vehicle unbalance problem, including: user-based relocation, i.e., price incentives for the users to relocate the vehicles themselves [4] ; operator-based relocation, i.e., workforce that moves vehicles from where they are not needed to where there is a significant demand [5] , [6] , [7] , [8] ; and optimal planning of station deployment to achieve better service accessibility and a more favourable distribution of vehicles [9] . It is important to point out that the relocation process is intrinsically inefficient: as one driver per car is needed, for relocating several cars a large workforce or many willing customers are necessary. Autonomous cars can be a breakthrough from the car sharing perspective: the relocation workforce can be shed, as vehicles will move proactively and autonomously where they are needed.
Autonomous vehicles have been the subject of extensive research in the recent years. The first pilot programs have highlighted the great potential of the technology, while also causing some headaches [10] . While the fact that self-driving cars are going to replace traditional vehicles has never been in question, when exactly they are going to be in people's hands is not clear, with predictions ranging from a few years to a few decades. In the meantime, alternative, intermediate solutions should be sought after to address the problems of currently available transportation systems. As far as car sharing is concerned, new vehicle concepts with stackable capabilities have been recently released or are under development, which can be stacked into a train (through a mechanical and electric coupling) and/or folded together. Then, the train can be driven either by a car sharing worker or by a customer. An illustration of this type of vehicle prototyped within the ESPRIT project [11] is provided in Fig. 1 .
Such stackable cars come with the promises of significantly improving the system manageability of future car sharing services and of being market-ready in just a few years. As such, they could be an effective intermediate solutions before autonomous cars become a reality. It is therefore important to understand how they rank with respect to future and currently available vehicles. For this reason, in this paper we identify and compare different strategies for vehicle redistribution based on the type of vehicle used. Relying on a realistic car sharing demand, we study how well each of them is faring and we highlight their limitations. First, we apply a theoretical upper bounds about relocation with self-driving cars developed in [12] to determine the minimum fleet size that would allow to perfectly rebalanced the considered demand. Second, we developed simple heuristics to quantify the fleet unbalance over time and to define periodic relocation tasks that could help in rebalancing the system. Then we discuss how to perform these relocation tasks with and without operators, using conventional cars or stackable cars. The results show that stackable vehicles can significantly improve the quality of service provided by the car sharing operator with respect traditional cars, and hence should be considered as a viable, intermediate option on the road to self-driving vehicles.
II. THE CAR SHARING DEMAND
In this work we consider the car sharing demand obtained from a population synthesiser and demand model developed within the ESPRIT project for the suburban area of Lyon, France [13] . This demand corresponds to the potential demand, i.e., the demand obtained from the mobility needs of the people in the study area and their propensity towards using car sharing. The population synthesiser takes into account a set of 37,402 facilities (i.e., sources of mobility requests, such as households, commercial buildings, PT stops, etc.) scattered in the area, while the demand model determines the pickup and drop-off locations for each car sharing trip request. In this work, we focus on a station-based system, thus we need to deploy stations in the study area in order to associate the car sharing requests to the closest station. The definition of an optimal deployment algorithm is out of the scope of the paper, and for this reason we consider a straightforward deployment whereby we divide the study area using a grid with cells of side length 1km and we place a station in the centroid of the cell if there is at least one facility in that cell. This implies that an hypothetical customer will find at least one station at a ∼ 500m distance. After this procedure is completed, we end up with 70 active station in the study area.
The demand generated by the model will provide the basis for our evaluation in Section VI. As in all car sharing systems, stations are used very differently by the customers depending on the time of the day and where they are located [3] . This is confirmed in Figure 2 , where we focus on individual stations and we compute the difference between their inflow and outflow, which correspond, respectively, to the number of incoming vs outgoing vehicles per day. We observe that there are station that see more drop-offs than pickups, and vice versa.
III. RELOCATION: CURRENT SOLUTIONS

A. No relocation
Relocation can be very costly for car sharing operators, and this is the reason why most of them do not implement redistribution policies in their systems. For example, Car2go has recently announced that only one year ago they have designed their relocation strategy, and that since then they have successively introduced it in all their locations [14] . Given the practical relevance, the no-relocation case will serve as the baseline for our discussion. In particular, it is interesting to consider how many cars one would need to satisfy the demand in Section II without ever dropping one request. This number can be computed by simply deriving the number of cars needed in the system at midnight such that the availability at the station is never negative during the following day. Using this approach, we found that we would need 1542 shared vehicles in order to accept all pickup requests in the Lyon study area.
B. Relocation with standard cars
When the shared fleet is composed of standard cars, relocation can only be performed moving one vehicle at a time. The car sharing workers (the relocators) can either work in pairs or alone. When in pairs, one drives the other one (using a service car) to the location where there is shared car to be relocated, then drives again to the relocation endpoint to pick up the relocator. An alternative solution is for the relocator to use a folding bicycle to reach the car to be relocated, then to store the folded bike in the trunk, to drive the car where it is need, then cycle again to reach the car of the following relocation task [15] . This process is clearly not very efficient. In the first case, two workers are needed to relocate one car. In the second case, the relocation delays are long since it takes some time for the relocators to reach the next car by bike.
C. Theoretical upper-bound
As far as relocation is concerned, you can never do better than with autonomous cars. In fact, assuming that a demand prediction tool is in place, self-driving cars can autonomously dispatch themselves where they are needed. Pavone et al. have derived in [12] a theoretical results about relocation with self-driving cars. Their model is based on a representation of the trips in the car sharing network in terms of flows in a fluid model. Pavone et al. prove that, without vehicle redistribution, the car sharing system cannot reach equilibrium (i.e., customers waiting for cars will accumulate indefinitely at stations). Instead, with a redistribution policy in place and a sufficient number of cars, it is always possible to stabilise the car sharing system. Pavone et al. also define an optimisation problem to derive the optimal relocation flows. Clearly, the fluid model is just an approximation of a real car sharing system, but it is very useful and important in order to establish what, in practice, is a theoretical upperbound on vehicle rebalancing. We apply the model presented in [12] in order to derive the optimal rebalancing flows with autonomous vehicles for the car sharing demand described in Section II. The results are shown in Figure 3 . The blue and orange bars show the inbound/outbound relocation flows from each station. According to the model in [12] , optimal rebalancing is possible using 292 vehicles. Please note that this is 5 times less than what it would be needed without relocation (Section III-A). 
IV. RELOCATION WITH STACKABLE VEHICLES
In car sharing systems with stackable cars like ESPRIT [11] , relocation becomes more efficient, since a single relocator can redistribute several vehicles at a time (up to 7, in ESPRIT). But how much more efficient with respect to regular cars and autonomous cars? In order to evaluate the efficacy of redistributing stackable vehicles, we first need to define a redistribution strategy. Before discussing the selected approach, we first introduce some terminology. The balance of vehicles at stations can be positive (more available cars than needed with respect to the foreseen demand) or negative (fewer cars than needed). Stations with positive balance are called feeders, because they can provide cars to stations in need of cars (which, in turn, are called recipients). Also, we denote with v T the maximum train size allowed. Similarly to the related literature [12] , we perform relocation periodically (every T minutes). The proposed algorithm follows three steps: i) identify the expected vehicle balance/unbalance, ii) match feeders and recipients, iii) match relocators and feederrecipient pairs. These steps are discussed in detail below.
A. Identify the expected vehicle balance/unbalance
First, we want to understand the excess/deficiencies of vehicles in the network. We denote with b i (kT ) the overall balance of vehicles at station i during time interval [kT, (k + 1)T ) and we write it as follows:
where v i (kT ) denotes the number of cars parked at station i at time kT , drop . Thus, we identify as feeders all the stations for which b i (kT ) > 0 (and we denote their set as F). Analogously, we define the set of recipients
More complex strategies for demand prediction could be developed, e.g., exploiting machine learning techniques. However, to the purpose of the paper, suffices to use the same approach for all the relocation strategies considered, in order to have a fair comparison.
B. Match feeders and recipients
We now want to assign to each recipient one or more feeders in order to address its unbalance. This can be achieved in several ways. The idea behind our approach is that, since relocators are costly, we want use as few of them as possible. We have the two sets of feeders (F) and recipients (R), each ordered in decreasing order of cars in excess/missing 1 . We define V excess = j∈F b j and V def icit = − i∈R b i . Please note that if V excess ≥ V def icit , then all deficits can be addressed, at least in principle. Vice versa, if V excess ≤ V def icit , we know that we are not able to fulfil the requests. Then, we proceed according to the pseudocode in Algorithm 1 below, which must be run every T . The main idea behind it is to first address the unbalance of the most unbalanced recipients (those with the smaller b i , which is negative for feeders) using the most rich feeders. If the needs of the recipient are not completely satisfied using one feeder, the recipient is put back in the list of recipients with unfulfilled requests, with an updated balance. Similarly, if the excess of cars at a feeder are not exhausted by a single recipient, the feeder is kept in F but its balance is updated.
Algorithm 1 Feeder-recipient matching algorithm
Require: R set of recipients, F set of feeders, vT max train size Ensure: P set of feeder-recipient pairs that balance the network
find recipient ri ∈ R such that br i is the smallest in R 
Update the excess at the feeder 9: sort F Sort the feeders list 10: br j = br j − v Update the deficit at the recipient 11: if br j == 0 then 
C. Match relocators and feeder-recipient pairs
The output of the previous step provides us with a list of feeder-recipient pairs and the number of cars to be relocated between them. Now we have to assign one relocator to each of these pairs. In the following, we denote with P the set of matched feeder-recipient pairs and with O the set of relocators. Please note that if |P| > |O| the relocation demand might not be satisfied (unless some operators finish their task quickly and carry out another relocation within the same T ). The idea is to assign relocators in order to minimise the overall relocation time (composed of the time for the relocator to reach the feeder from its current position plus the time to go from feeder to recipient). Since relocators may not be enough to satisfy all relocation requests, we prioritise relocation tasks that move the most vehicles. This approach is summarised in the Algorithm 2. Please note that Algorithm 2 can be run more frequently than every T (possibly, as soon as there is an idle relocator available). As discussed earlier, autonomous vehicles provide the maximum flexibility in terms of relocation, since they can proactively move towards a hot spot when they end up in a cold spot. A simple relocation strategy for autonomous vehicles can be obtained by modifying the algorithms for relocation with stackable vehicles described in Section IV. Basically, it is enough to drop step 3 (corresponding to Algorithm 2), and assume that, for each feeder-recipient pair p = (f i , r j ), v p vehicles will autonomously move from f i to r j at the time of relocation.
VI. EVALUATION
In order to evaluate the performance of relocation based on stackable vehicles, we have developed a custom C++ simulator that models how vehicles move across the stations in the system. The simulator takes as input the car sharing demand discussed in Section II, so shared cars move between stations according to the pickup and drop-off requests in the demand 2 . The travel times between stations are estimated based on a map of the study area. On top of this mobility process we deploy the relocation strategies described in Sections IV-V. We assume that the fleet size (i.e., the number of cars in the car sharing system) is 350, i.e., a bit more than 292, the number needed according to the theoretical model discussed in Section III-C for perfect rebalancing. Parameter v T is varied during simulations from 2 to 8. Please note that a relocator driving a train of 8 vehicles will be able to relocate at most 7, since he/she needs one of the cars in the train to reach the next feeder. Finally, the relocation interval T is varied in {5, 15, 30} minutes.
Autonomous vehicles Autonomous vehicles
The main performance metric considered is the percentage of total accepted requests with respect to the original demand. In Figure 4 we plot it for different train sizes and relocation intervals, as well as a function of the number of relocators. It is interesting to note that, with a relocation window of 30 minutes and ∼ 30 relocators (Figure 4c ), stackable vehicles provide exactly the same level of service as autonomous cars when the maximum allowed train size is greater than or equal to 5 cars. In all cases, relocating provides better performances than no relocation, but standard relocation needs a lot of relocators before it catches up with autonomous cars. In all cases, even autonomous cars are not able to satisfy 100% of the demand. There may be several reasons for that. First, the number of vehicles may be too low for the demand. The number of vehicles was chosen so that it was above the threshold obtained from the theoretical model in [12] . However, the model was obtained under simplifying assumptions that may affect the results when cast onto real systems (e.g., real demands have a time-varying behaviour during the day, while the model does not). Second, the demand prediction tool may be too simplistic. In any case, this simple setup is enough to highlight striking differences between the relocation of different types of vehicles.
A second important metric (especially from the car sharing business model standpoint) is the number of relocators employed to perform relocation, and how long they are busy relocating. We show these quantities in Figure 5 for a relocation interval of 30 minutes. Peaks in relocation activities are clearly visible during the day. If we focus on the case of 30 relocators and maximum train size 8 (the best case scenario discussed above), we observe that only early in the morning the entire relocation workforce is needed. For the rest of the day, only a fraction of the workforce is busy. This is definitely helpful for organising work shifts and deriving the full-time equivalents in the business model.
Finally, we plot the train size distribution as a function of the relocation interval and the number of relocators ( Figure 6 ). There is a clear trade-off between the two. When relocators are a lot and relocation is performed frequently, relocators mostly use short trains (because the overall relocation burden is low). Vice versa, with just a few relocators and infrequent relocations, long trains are needed to meet all relocation requests.
VII. CONCLUSIONS
In this work we have presented a preliminary analysis, based on a realistic car sharing demand, of the relocation capabilities of stackable vehicles. Our results show that stackable vehicles are able to bridge the relocation gap between autonomous vehicles and standard cars, by exploiting trains of vehicles that can be driven by a single relocator. More specifically, with just 30 relocators, a car sharing system with stackable vehicle achieves the same performance in terms of accepted demand as a car sharing system with self-driving cars. These results show that stackable vehicles can be a costeffective, efficient solutions while waiting for self-driving cars to become a mainstream reality.
